IMPORTANCE Cognitive deficits are a key feature of risk for psychosis. Longitudinal changes in cognitive architecture may be associated with the social and occupational functioning in young people. OBJECTIVES To examine longitudinal profiles of cognition in individuals at ultrahigh risk (UHR) for psychosis, compared with healthy controls, and to investigate the association of cognition with functioning.
I ndividuals who are prodromal to schizophrenia have a higher risk for and transition rate to psychosis compared with the general population. [1] [2] [3] [4] [5] [6] [7] Cognitive deficits are also a predictor associated with psychosis. 3, Cognitive impairments are the core disabling factors in psychosis and schizophrenia. [28] [29] [30] [31] Metaanalytic evidence indicates that cognitive deficits are present in individuals at ultrahigh risk (UHR) for psychosis. [24] [25] [26] [32] [33] [34] There is a 35% likelihood that the presence of symptomsfunctional or cognitive manifestations-in high-risk, care-seeking individuals predates psychosis. 6 However, systematic evidence is scarce for longitudinal cognitive trajectories in individuals at UHR for psychosis. Recent reports confirm that cognitive deficits at baseline are associated with conversion to psychosis, but the reports have not addressed the longitudinal cognitive profiles of these individuals. 27 Equivocal evidence ranges from modest improvements in cognition in converters and first episode psychosis 26 to suggestions that cognitive decline may be a strong factor in eventual psychosis. 33, 35, 36 Previous reports indicate that approximately 50% of individuals at UHR for psychosis improve spontaneously within a short follow-up time frame. 37 Longitudinal schizophrenia cognitive studies may offer insights to UHR cognitive trajectories. Premorbid cognitive deficits were found to be associated with schizophrenia. 33, [38] [39] [40] Cognitive impairment can be observed also in nonpsychotic family members of psychotic patients. 41, 42 Progressive changes in cognition over a 30-year period were reported in children who later developed schizophrenia. 33 Two aspects of cognitive trajectories may be investigated: (1) means-based change, where differential time-based cognitive changes may exist between healthy individuals and those at UHR for psychosis, and (2) covariance-based change. The latter involves changes in the cognitive component structure, as defined by cognitive tests, over time 43, 44 and is known as the cognitive dedifferentiation hypothesis. This dedifferentiation is associated with poorer cognitive function with increased covariation across cognitive tests, a phenomenon previously observed in aging research. 43, 44 Intriguingly, forms of cognitive dedifferentiation were also noted in schizophrenia, 45, 46 where a subtle increase in test covariation was previously reported. 47, 48 We studied the prospective cognitive trajectories of individuals at UHR for psychosis. We expected to observe the greatest decline in cognitive performance over time among individuals at UHR who converted to psychosis compared with nonconverters and healthy controls. In individuals whose UHR status did not remit during the follow-up period, we expected to observe declining cognitive performance compared with remitters and healthy controls. We hypothesized that increased test covariance would be present as a function of time for individuals whose UHR status did not remit over time. Finally, we examined how changes in cognition as a function of time affected the social and occupational functioning of individuals at UHR for psychosis.
Methods
Ethics approval for this study was provided by the Singapore National Healthcare Group's Domain Specific Review Board.
Written informed consent was obtained from all participants, and consent from a legally acceptable representative was obtained for minors (younger than 21 years) as required by local regulations. This study was conducted from January 1, 2009, to November 11, 2012. Data analysis was conducted from June 2014 to May 2018.
Participants
This study, as part of the Longitudinal Youth at-Risk Study conducted in Singapore, 49 included 384 healthy controls and 173 individuals who met the criteria for UHR for psychosis. 12 After 24 months, 383 healthy controls (99.7%) and 122 individuals at UHR for psychosis (70.5%) had remained in the study. Participants either were recruited from psychiatric outpatient clinics, educational institutes, and community mental health agencies or were self-referred. Individuals with neurological causes for psychosis, current illicit substance use, or color blindness were excluded. All participants were between 14 and 29 years of age. Their UHR status was ascertained by the Comprehensive Assessment of At-Risk Mental States, 12 and their psychiatric history was evaluated with the Structured Clinical Interview for DSM-IV Axis I Disorders. 50 Healthy controls did not fulfill UHR criteria, had no psychiatric disorder, and had no family history of psychosis.
Follow-up assessments at 6-month intervals for 2 years or until conversion to psychosis included the Positive and Negative Syndrome Scale, 51 Beck Anxiety Inventory, 52 Calgary Depression Scale for Schizophrenia, 53 and the Social and Occupational Functioning Assessment Scale. 54 Remission status was assessed at the 12-and 24-month time points. Individuals at UHR for psychosis were categorized into converters or nonconverters and remitters or nonremitters. Individuals at UHR at baseline but who no longer fulfilled UHR criteria at the 24month time point were categorized as remitters. Those who met UHR criteria at final assessment or had converted to psychosis were categorized as nonremitters. In subsequent analyses, 2 sets of analysis were carried out involving (1) healthy controls, converters, and nonconverters and (2) healthy controls, remitters, and nonremitters. Details of the sampling methodology and the demographic characteristics of the sample were reported elsewhere. 49, 55 
Cognitive Measures
The Wechsler Memory Scale-III Spatial Span 56 ; the Brief Assessment of Cognition in Schizophrenia, 57 which consists of verbal memory, digit sequencing, token motor task, verbal fluency, symbol coding, and Tower of London tests; the Binocular Depth Inversion task 58, 59 ; the Continuous Performance Test-Identical Pairs 60 ; the High-Risk Social Challenge skills interview 61 ; the Babble task 62 ; and the Snakes in the Grass test 63 were administered. Cognitive tests were adjusted for age, sex, age×sex,age, 2 and age 2 × sex via linear regression modeling, 64 and standardized residual scores were used for subsequent analysis. Cognitive scores were standardized against healthy control baseline measures. (See the Supplement for eAppendixes 1 and 2 [with eFigure 1], which deal with the concept of testing factor structure changes, and eAppendix 3 for data preprocessing details.)
Statistical Analysis
Ordinal logistic regression was conducted to examine betweengroups baseline cognitive differences. Univariate models that were P < .05 were selected for subsequent analysis. Linear mixed models were carried out to examine cognitive changes, allowing the inclusion of all longitudinal data available for each participant and the examination of the association of maturational stage with age-related trajectory changes over time. Stuart-Maxwell Marginal Homogeneity test was used to examine the divergence of the estimated test score distributions between the baseline and the 24-month follow-up for each group; these distributions were Bonferroni corrected. A principal components analysis (PCA) was conducted on baseline and 24-month cognitive batteries to investigate the cognitive component structure changes. Component loading vectors were compared via the Kolmogorov-Smirnov test (see eAppendixes 1 and 2 in the Supplement), and the comparisons were Bonferroni corrected. Cognitive components scores were compared using 1-way and repeated measures analysis of variance to examine group-by-time interactions. Repeatedmeasures general linear models were used to investigate the association of cognitive component changes with the rate of functioning changes. Bonferroni corrections for all intergroup comparisons were completed; further details of the data analysis are reported in eAppendix 3 in the Supplement. Analyses were conducted using SPSS, version 22.0 (IBM), unless otherwise noted. Table. No statistically significant differences in sex proportions were found across healthy controls, nonconverters, and converters (χ 2 1 =3. 7 4;P = .05) as well as healthy controls, remitters, and nonremitters (χ 2 1 =3. 7 4;P = .05). No statistically significant differences in age were observed among healthy controls, nonconverters, and converters (F = 1.53; P = .22) and healthy controls, remitters, and nonremitters (F = 1.02; P = .36). Statistically significant higher Comprehensive Assessment of At-Risk Mental State scores were observed in individuals at UHR for psychosis compared with healthy controls (F = 766.74; P < .001; η 2 = 0.581). No notable differences were observed in the Positive and Negative Syndrome Scale, Calgary Depression Scale for Schizophrenia, and Beck Anxiety Inventory measures across groups (Table) . Figure 2 . Component load differences in GCF were noted among healthy controls, remitters, and nonremitters. Stark differences in component load between GCF baseline and 24month follow-up in nonremitters were observed. Longitudi-nal changes for the component loadings for GCF in nonremitters were also observed (maximum vertical deviation = 0.59; χ 2 = 8.03; P = .01). The observation is supported by results of the Kolmogorov-Smirnov tests that examined component load vectors across the PCA output (eTable 7 in the Supplement). Different load profiles were present among healthy controls, remitters, and nonremitters at baseline and at 24-month follow-up for the perception component, where subtler trends in social cognition load changes appeared in nonremitters but failed to survive the Bonferroni correction (eTable 7intheSupplement).
Results

Demographics
Longitudinal Change in Cognitive Constructs
Weighted and nonweighted cognitive component scores were computed on the basis of the PCA results (eAppendix 3 in the Supplement). Repeated-measures analysis of variance was conducted on the cognitive component scores. Bonferroni-corrected α level of .025 was used to handle 2 test sets that evaluated the same hypothesis. Longitudinal changes were found for attention, GCF, and perception ( Figure 3 ;eTable8intheSupplement). Post hoc Bonferroni-adjusted paired sample 2-tailed t tests showed improved performance in remitters, which accounted for the overall model effects. In nonweighted component scores, only GCF was found to be significant. Between-participant analysis of variance tests at both baseline and follow-up further confirmed that, although remitters appeared more similar to nonremitters at baseline for social cognition, attention, and GCF, their performance improved spontaneously with time, and remitters were more similar to healthy controls at 24-month follow-up ( Figure 3 ; eTable 8 in the Supplement).
Relation to Functioning
There was a main association of time with the range of social and occupational functioning at baseline and 24-month follow-up ( Figure 4 ; eTable 9 in the Supplement). A statistically significant group-by-time interaction was observed, suggesting differential rates of change of functioning among healthy controls, remitters, and nonremitters. Group-by-time interaction on GCF (F = 12.23; η 2 = 0.047; P < .001) and perception (F = 8.33; η 2 = 0.032; P < .001) was present. Change in attention and GCF components appeared to partially mediate change in functioning (eTable 9 in the Supplement). Post hoc models revealed that change in the attention component (F =5. 65; η 2 = 0.013; P = .02) partially mediated the spontaneous improvements in functioning in remitters and nonremitters compared with healthy controls ( Figure 3E and Figure 4C and D). Change in GCF (F = 7.18; η 2 = 0.014; P = .01) fully accounted for a differential rate of change in functioning between remitters and nonremitters. All post hoc comparisons survived Bonferroni correction.
Discussion
To our knowledge, this study is the largest prospective single-site report of a case-control sample of individuals at UHR for psychosis. Comparisons between remitters and nonremitters suggested that above baseline cognition, tra-jectory and component-based analyses can identify psychosis and nonremission from illness. Worsening cognitive function over time may be a prime factor in eventual, if not incipient, psychosis. 33,36,66,67
Baseline Differences and Prediction Models
The study results are consistent with literature that shows significant cognitive deficits in UHR samples. Participants at UHR for psychosis were differentiated from healthy controls, and converters were differentiated from nonconverters according to baseline cognitive performance. Cognitive modeling results demonstrated statistically significant differences not only among healthy controls, converters, and nonconverters but also between individuals who met UHR criteria at baseline and those whose UHR status remitted, compared with those who had no remission. 
Prospective Trajectory Changes
Longitudinal modeling of cognitive performance revealed that most individuals improved with repeated testing every 6 months in the 24-month follow-up. Statistically significant group differences in trajectories were observed, suggesting that baseline variations in cognitive performance interact differently with time in the different groups. These results were consistent with earlier reports indicating that some individuals at UHR for psychosis display cognitive improvements with time. 67 Practice effects, phar-macological effects, and diagnostic heterogeneity 67 were alternative explanations for the phenomenon, but the more finegrained follow-up neuropsychological test data reported here may offer further clarification of the cognitive trajectories of individuals at UHR for psychosis. Gradual increases in variability of test performance over time suggest the possibility that the underlying cognitive architecture may have devolved in converters and nonremitters during follow-up. Thus, measures of dedifferentiation of cognitive components may be 1 of the most powerful fac- tors in later conversion and nonremission in individuals at risk for psychosis. Additional analysis of the maturational stage indicated that, between age 14 and 29 years, the most cognitive trajectory changes could be associated with clinical outcomes. Improvement of cognitive performance over time seems to be associated with age, but differential age-related cognitive trajectories do not appear to be present in groups at UHR for psycho-sis. Nevertheless, larger samples and wider age ranges might be required to further examine differential maturational profiles.
Cognitive Architecture and Shifts in Component Loadings on Test Performance
Instead of maximizing the separation of cognitive components, we extracted them orthogonally to make apparent the cross-loading of cognitive subtests. Comparing PCA loading vectors revealed a significant shift in loading patterns between baseline and follow-up in nonremitters, implying the subtle changes in cognitive architecture over time. To our knowledge, such architectural changes have not been reported in previous studies of individuals at UHR for psychosis. We postulate that examining the prospective differential contribution of cognitive components to test performance could reveal subtle cognitive changes in at-risk states that will help differentiate between remitters and nonremitters.
Covariance strength across cognitive test performance has been shown to yield vital insights into brain function in aging research 43, 44, 68 and to be a property of deficit cognition in schizophrenia. 45, 47, 48 Decreasing differentiation of GCF, perception, and social cognition components over time among nonremitters and converters is apparent.
Investigating Cognitive Constructs
Cognitive components weighted by differential component loadings revealed more sensitivity with social and occupational functioning, particularly with the attention and GCF components. These findings indicate that incorporating cognitive architecture changes appears to be essential in uncovering subtle but important cognitive fluctuations that are relevant to functioning. Neither perception nor social cognition contributes to the variance in functional change beyond the traditional neuropsychological constructs. The trend related to the lack of clear group separation within the perception component could be attributed to the psychometrics of contributing tests. The Snakes in the Grass test, a visual search paradigm, may reflect the subtler changes in lower-level cognitive processes rather than the more robust separation in more traditional neuropsychological tasks. Nevertheless, the contribution of the perception component to test covariance supports the evidence that more refined cognitive mechanisms continue to be sensitive measures in identifying UHR for psychosis in general. [69] [70] [71] [72] Social cognition was the only construct that showed decrement over time in nonremitters beyond the baseline differences between healthy controls and remitters, although the component loading analysis suggested only trend-level dedifferentiation. It confirms that these findings replicate the notion that social cognition is separable from cognition even among individuals at UHR for psychosis. [73] [74] [75] Longer follow-up periods might be necessary to determine whether an association between functioning and social cognition might emerge, similar to those in schizophrenia, as the downward trajectory in nonremitters ensues. 76,77 Although speculative, mathematical models of cognitive architecture might be more sensitive than the standard neuropsychological tests to the changing neurobiology associated with emerging psychosis in young people at risk. Cognition improved as a function of time, but the changes in remitters were dramatic. Remitters started at baseline with cognitive profiles that were similar to those of nonremitters, but their performance at follow-up was not different from that of healthy controls. The model that best exemplified this phenomenon included the measures comprising GCF. The correspondent longitudinal transition from dedifferentiation to differentiation of GCF that accounted for the functional recovery in remitters illuminates opportunities for follow-up work.
Overall, the results point to the possibility that UHR may not be a stable clinical or cognitive construct and that the deficits observed are transient. Results indicate that cognitive deficits in nonremitters tend to be stable and impaired in nearly all components. Longitudinal changes in cognitive architec- 
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Cognitive Changes in Young Individuals at Ultrahigh Risk for Psychosis ture, particularly in remitters, have an association with the social and occupational functioning in young people. The converse could be true as the cognitive architecture continues to be increasingly dedifferentiated in nonremitters. These findings suggest that the prognosis for nonremitters is poor and will require the most clinical attention and remediation in the long term.
Limitations
This study has several limitations. First, the conversion rate is low. Of the 173 participants at UHR for psychosis followed-up during a 2-year period, 17 (9.8%) converted to psychosis, which is a lower rate than most other reported conversion rates. We speculate that the reason may be the strict drug laws in Singapore and the structured nature of its society. Low conversion rate precluded more sophisticated analysis on convertors. Second, medication use was not systematically adjusted for in the current analysis. The individuals at UHR for psychosis were not medicated with antipsychotics, although some were taking antidepressants. The association of antidepressants with cognition was found to be weak, 78,79 but no differences in anxiety or depressive symptoms among UHR groups were observed. Subsequent studies of psychotropic medications and their various cognitive outcomes in at-risk mental states may be informative. Third, the subsampling between nonremitters and converters presented a challenge. Because of the limited sample sizes, we chose to use 2 analysis subsets, comparing healthy controls with remitters and nonremitters as well as healthy controls with nonconverters and con-verters. It would be ideal to classify samples as healthy controls, remitters, nonremitters, and converters, which is a necessary consideration for subsequent studies with larger sample sizes. Finally, following up participants at UHR for psychosis for only 24 months, although informative, limited the definition of remitters, nonremitters, and nonconverters. Cognitive dedifferentiation phenomena in nonremitters suggest the likelihood of long-lasting cognitive changes, but a longer prospective study would help clarify the degree to which these changes are detrimental to other aspects of clinical outcomes. Such a study would validate remission status (eg, if these cases slip back to being UHR for psychosis) and elucidate potential biological agent underpinnings responsible for the deficit.
Conclusions
To our knowledge, to date, this study had 1 of the largest singlesite samples of individuals at UHR for psychosis. It replicates findings in the literature that cognition is impaired before the onset of psychosis. Baseline cognitive impairment differentiates nonremitters with more enduring symptomatology from healthy controls and individuals at UHR for psychosis whose UHR status later remits. Although predominantly a trait, cognitive architecture shows subtle changes over time in nonremitting individuals at UHR for psychosis. These cognitive architecture changes are associated with functional outcomes and may herald a conversion to psychosis and a cognitive architecture similar to schizophrenia.
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eAppendix 1. Statistical Approaches for Testing Principal Component Loadings: Data Analysis to Test Cognitive Structure Differences Across Groups Prospectively
Principal Component Analysis (PCA) has been used as a technique for data reduction and to identify differences in data structure. It is proposed that PCA and its loadings could potentially be utilized as a means of assessing differences in data structure for cognition between groups of subjects and within subjects over time.
There have been various methods to compare PCA loadings e.g. Tucker Congruence Coefficient (TCC; Lorenzo Seva & Ten Berge, 2006) and Correlation Coefficient Comparison algorithms 2 .
The TCC had been designed to measure equivalence of latent trait via EFA (Tucker, 1951) . However, there are limitations to the methodology 4, 5 . Some of the issues that were highlighted with the use of the TCC were i) the lack of hypothesis testing though Lorenzo seva and Ten Berge (2006) suggested that R TCC = .85 .95 indicates congruent factor structure, it is notable that these were obtained from consensus ratings and not necessary statistical in nature 4 ii) the TCC was developed mainly for inter sample comparisons, and hence the notion of repeated testing within a sample would tend to inflate TCC values iii) TCC is a similarity index hence if the hypothesis is one that suggest that factors are differential the TCC would not have been an optimal test to show difference iv) factor similarity is not synonymous with factor invariance. To highlight this point, two 10 item vector s1 = {.872, .736, .622, .502, .213, .123, .021, .014, .003, .002} and s2 = {.523, .441, .373, .301, .128, .074, .013, .008, .001, .001} is likely to give a very high congruent rating close to if not beyond .90. The reason being the loadings in vector s2 is in fact a function of s1 i.e. f(s2) = 0.6(s1) with a coefficient of a constant 0.6. In this circumstance, the factor loadings might be invariant, but not similar.
The second approach of involve using various correlation estimators 6 . While the approach is compelling, and allows between and within subject comparisons, considering sample sizes and repeated sampling, the approach involves singular coefficient comparisons. The challenge with performing singular comparisons results in massive multiple testing, reducing statistical power and introducing noise to the interpretation of coefficient differences. The challenge is escalated when factor loadings of large number of overlapping items from a neuropsychological test battery is compared.
eAppendix 2. Concept of Differentiation and De-Differentiation of Cognitive Factors Tested via Changes in Factor Loadings: Kolmogorov-Smirnov Test for Approximating De-Differentiation
The following discussion is restricted to orthogonal PCA. PCA oblique rotations are not chosen, as it is challenging to control for theta (angle between principal component vectors) satisfactorily in higher dimension solutions. Moreover, in component comparisons, the objective of testing the data structure is not to minimize cross loadings across components, which is often a reason oblique rotations are considered. Rather, to test the dedifferentiation hypothesis, covered in the main text, one should be looking for items that cross load in the context of orthogonal PCA. Component loadings from PCA follow a gamma distribution (see eFigure 1). To compare component similarity as a function of component load, a non parametric methodology is employed using the Kolmogorov Smirnov (KS) test comparisons of PCA solutions.
Kolmogorov Smirnov Test
The KS test brings significant advantages to the test of number sequences without consideration of the distribution function underlying the number sequences. In this case, the number sequences tested are the PCA loadings. The KS test makes use of the Cumulative Distribution Function (CDF). Specifically, the test establishes if continuous numbers on two vectors have the same distribution. The hypothesis test comes from the largest deviation of the CDF of both vectors, where the largest absolute difference D max can be calculated. Hence the statistic of the KS Test is given as follows:
max Where, , F 1 = vector 1, F 2 = vector 2, n = number of items in vectors, x = distributional function with which vectors were drawn from. The logic follows that if the vectors were the same or very similar, then, lim . The converse is true, of the vectors were different and that they were drawn from totally different distributions where then, lim . It is argued that this approach of testing PCA loadings would be sensitive to the overall perturbations in factor loadings. The test strategy of examining between group factor loadings is to perform KS test on each of the five factors obtained in the prior PCA analysis of the cognitive test battery performed in each of the groups using controls as the reference distribution.
eAppendix 3. Data Analysis Workflow: Discussion of Data-Analytic Strategies Carried Out for the Current Report
The following data analysis workflow chart details the data analysis workflow that was carried out as part of the investigation reported in the current manuscript. Prior to data analysis basic preprocessing of the cognitive data was undertaken. Demographical factors such as age and gender were adjusted for using baseline age and gender via the following linear regression model:
Where, Test(n) represents the vector of cognitive tests administered to all participants in the study. Linear and non linear effects of age at baseline were adjusted for to ensure latent differences that are brought about by Age at baseline did not result in extraneous effects during inter group comparisons downstream. zResiduals represents the adjusted standardized scores after adjustment for baseline demographic factors. Special note should be taken that only baseline age and gender are used for adjustment of cognitive performance for each of the time points. The rationale for doing so is two fold First, neurodevelopmental trajectories related to cognition may be embedded within the trajectories associated with clinical outcomes. Hence, we adopted this strategy of demographic adjustment rather than using Age within subsequent longitudinal modelling, of which adjusting away the Age*Time effect could remove potentially interesting differential maturational effects across clinical groups. Second, even though there does not appear to be significant differences in terms of age at recruitment of either healthy controls or UHR individuals, one cannot assume that cognition and age correlations do not exist. Hence, the approach that we employed is most likely to balance methodological rigor for the analysis of cognitive data, but at the same time giving enough room for longitudinal effects to vary.
Ordinal logistic regression was conducted on (i) healthy controls, at risk individuals and converters; and (ii) healthy controls, remitters, and non remitters. These analyses aimed to establish baseline differences between groups. Each cognitive test was entered as a predictor to group membership in multiple univariate models. Test of parallel lines across all cognitive tests were not significant, which indicate that the method was interpretable for the purpose of the current report. At the preliminary stage of the analysis, a liberal approach allowed significant thresholds of p < 0.05 to select cognitive tests for subsequent analysis. This is however, already considered stricter than recommended p values of between 0.1 0.15 7 . Ordinal Logistic Regression was implemented via the PLUM module in IBM SPSS 22.0 Prospective modeling of cognitive change was completed via linear mixed models. Time points were coded in 0.5 year increments with baseline as "0". Intercept and Time were modeled as random effects, using unstructured covariance structure. Time, Time2, Group, Group*Time, Group*Time2 were modeled as fixed effects. Test performance was modeled as dependent variables in separate models. Two sets of Linear Mixed Model analysis were conducted for (i) Healthy Controls, Remitters, and Non Remitters, and (ii) Healthy Controls, Non Converters, and Converters. The overall model was:
A liberal p value of .05 was also used to identify potential group by time interaction effects. Additionally, to investigate the possibility of differential maturational trajectories in our sample, a median plot was carried out for the Age variable at baseline, resulting in Age <= 21 and Age >= 22 groups based on the baseline demographics. The Linear Mixed Model analysis then repeated for both sets of analysis via the following model: (2) We also attempted modeling age continuously, including age at ascertainment of UHR status ("UHR Age"), along with actual age changes over time, as indicated in the following model:
In models (1), (2) and (3) Principal components analysis of tests that were found significant (P < .05) in the initial ordinal regression analysis was carried out for healthy controls, remitters and non remitters for both baseline (BL) and 24 month (FU) time points. Factor loading patterns were then compared using the Kolmogorov Smirnov test via the ks.boot() module in R 3.4.1 8 , that allow bootstrapping of the input vectors. Default bootstrapping parameters of n = 1000 resampling option was selected. Demographics output Table 1 Ordinal Regression HC vs UHRNC vs UHRC
Data Analysis Workflow
Ordinal Regression HC vs UHRR vs UHRNR
Ordinal Regression Results
Supp Table 1 Linear Mixed Models HC vs UHRNC vs UHRC Linear Mixed Models HC vs UHRR vs UHRNR LMM Results Figure 1 ; Supp Table 2 Follow up Maturational Stage Analysis Age based trajectory changes LMM Follow up Results Supp Figure 3 7 ; Supp Table 3 Marginal Homogeneity Test Differential Effect Size Distribution Baseline vs Follow up Supp Table 4 Factor analysis HC (BL and FU)
Factor analysis UHRR (BL and FU)
Factor analysis UHRNR (BL and FU)
Factor loading plots Table 7 Test Factor Loading patterns Kolmogorov Smirnov Table 2 Factor scores weighted for differential factor structure perturbations were computed based on the following model:
Where n is the vector of tests included in the PCA. And Subtest n represents the vector of actual task performance of vector n. L represents the group vector of healthy controls, remitters and non remitters. There are ten cognitive domain scores that reported, Social Cognition, Attention, Verbal, General Cognitive Function (GCF) and Perception for follow up and baseline. These factor scores were standardized using healthy controls as the reference group. Non weighted factor scores were computed similarly, however for non weighted scores factor loadings for items belonging to a particular domain were constrained to 1 while items not belonging to the domain were constrained to 0. Cognitive domain change scores were computed by subtracting follow up scores with baseline scores. Two sets of change scores were also computed i) weighted scores, representing the change score weighted by factor structure changes over time ii) non weighted scores Downstream comparisons of the factor scores were carried out using One Way ANOVA with Bonferroni Correction for between subject differences and Repeated Measures ANOVA for 2 (BL vs FU) 
